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Abstract: In this paper, the process of the pomegranate magnetic resonance (MR) images was studied.  Its internal structure is 
composed of tissue and seeds, which indicate the dependency between the maturity and internal quality.  The latter properties 
are important in pomegranate’s sorting and cannot be measured manually.  In this paper, an automatic algorithm was proposed 
to segment the internal structure of pomegranates.  Since the intensities of the calyx and stem of the pomegranate MR image 
are closely related to that of the soft tissue, their corresponding pixels are therefore labeled in the same class of the internal soft 
tissues.  In order to solve this problem, the exact shape of the pomegranate is first extracted from the background of the image 
using active contour models (ACMs).  Then, the stem and calyx are removed using morphological filters.  We have also 
proposed an improved version of the fuzzy c-means algorithm (FCM), the spatial FCM (SFCM), for segmentation of MR 
images of pomegranate.  SFCM is realized by incorporating the spatial neighborhood information into the standard FCM and 
modifying the membership weighting of each cluster.  SFCM employs spatial information of adjacent pixels leading to an 
improvement of the results.  It thus outperforms other techniques like FCM, even in the presence of Gaussian, salt and pepper, 
and speckle noises. 
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1  Introduction 
Pomegranate is one of the tropical fruits growing 
widely in Iran, Mediterranean countries, India, some parts 
of America (California), China, Japan and Russia.  It is a 
kind of domestic Iranian fruit which grows in coastal and 
mountainous areas (Fadavi, Barzegar and Azizi, 2006).  
It contains some pharmacological properties including 
antimicrobials, antivirus, anticancer, potent anti-oxidant 
and anti-mutagenic effects (Negi, Jayaprakash and Jena, 
2003).  The high-quality of the product is considered an 
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important factor for normal sales in the market.  Having 
an in-time harvest will improve the quality and the nature 
of storage life of fresh fruits (Prabhu Desai, 1989).  
Early harvest may impede the development of the 
characteristic color, taste and aroma of pomegranates, 
while late-harvested fruits reveal a reduced-shelf life 
(Kulkarni and Aradhya, 2005).  The segmentation of 
internal components needs to be as exact as possible.  
Also, for research purposes such as non-destructive 
investigation, to determine the ripening index and the 
percentage of seeds in growth period, bruising, the 
content of water and sugar, extraction of the fruit’s 
internal structure, i.e. the tissue and the seed is necessary. 
In order to achieve this goal, the segmentation of the 
pomegranate MR images can be helpful (Liang and 
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Lauterbur, 2000).  The high accuracy of image 
acquisition, the ability to distinguish internal tissues and 
imaging in non destructive way are amongst the 
advantages of the MRI techniques.  The first application 
of MRI in horticultural field was reported by Wang, 
Wang and Faust (1988), who studied water core in apples.  
Since then, MRI has been applied as one of the 
qualitative approaches to detect core breakdown in 
‘Bartlett’ pears (Wang and Wang, 1989), to detect void 
spaces, worm damage and bruises in fruits (Chen, 
McCarthy and Kauten, 1989; Zion, Chen and McCarthy, 
1995; Saito et al., 1996), water core dissipation in apples 
(Clark, MacFall and Bieleski, 1998; Clark and Burmeister, 
1999), woolly breakdown in nectarines and apples 
(Sonego et al., 1995; Barreiro et al., 1999; Barreiro et al., 
2000), internal browning development in ‘Fuji’ apples 
(Gonzalez et al., 2001) and to study the effect of  
postharvest water loss on kiwi's water status (Burdon and 
Clark, 2001).  In our previous works (Moradi et al., 
2010a; Moradi et al., 2010b), automatic algorithms were 
presented for segmentation of the internal structures of 
pomegranate.  Because of the vitality of segmentation of 
pomegranate images in trade and export, if the 
segmentation is done manually and by users, it will have 
significant disadvantages including time consuming, 
unrepeatability, dependence on user and high cost.  In 
order to remove the aforementioned disadvantages, it is 
necessary to design and implement automatic algorithms 
to segment pomegranate MR images without any need of 
user’s interference.  Using computers to implement 
these algorithms helps the cost and repeatability of the 
work, and if the results are acceptable it will be preferred 
to the manual methods. 
FCM is an unsupervised clustering method which is 
used successfully in segmentation and clustering of 
images (Bezdek, 1981; Moradi et al., 2010a; Moradi et al., 
2010b).  An image can be represented in various feature 
spaces.  FCM algorithm classifies the image by 
grouping similar pixels in the feature space into clusters.  
The clustering algorithm is achieved by iteratively 
minimizing a cost function.  It is dependent on the 
distance of the pixels to the cluster centers in the feature 
domain.  The spatial relationship of adjacent pixels is an 
important property that can have a significant role in the 
efficiency of segmentation.  General boundary detection 
techniques have taken the advantage of the spatial 
information for image segmentation (Chuang et al., 2006; 
Moradi et al., 2010b).  Since FCM does not use the 
spatial information, it is sensitive to noises.  To solve 
this problem, we suggest SFCM for segmentation.  It 
modifies FCM by considering the spatial information and 
altering the membership weighting for every cluster.  
The proposed algorithm greatly reduces the noise effect.  
The article is organized as follows: The proposed 
algorithm is discussed in Section 2.  In Section 4, the 
experimental results and in Section 5 conclusions are 
proposed. 
2  The proposed algorithm 
Figure 1 illustrates the flowchart of the proposed 
method.  The image pixels are segmented based on their 
intensities.  Also the intensities of stem and calyx are 
both close to the tissue’s pixels.  Therefore, they are 
often misclassified as the internal tissues by the 
segmentation algorithm.  Distinction between the fruit 
and the background on image is the first step when 
extracting the internal structure of pomegranate.  
However, the difference between their intensities is too 
small.  Therefore, the fruit’s shape cannot be easily 
separated from the background.  So, the logarithmic 
space is considered for intensity.  Then, the fruit’s shape 
is extracted using ACM.  The next step is to remove 
stem and calyx using morphological filtering.  Finally, 
the image is segmented using SFCM. 
 
Figure 1  The proposed algorithm 
 
2.1  Image acquisition 
Pomegranates from the cultivar ‘Malas-e-Torsh’ is 
considered as an important export in Iran. They are 
almost farmed in Yazd and Saveh.  In this research, we 
have selected two types of pomegranate: semi-ripe and 
ripe, from orchards of Yazd.  Their images were taken in 
T1, T2 and haste T2 weights.  The experiments were 
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performed on a 1.5T MRI scanner (Siemens, Germany) 
with two-dimensional spin echo sequence, in the Pejvak 
Imaging Center, Tabriz, Iran by Dr. Masoud Pour Eisa.   
2.2  Pomegranate shape extraction using ACM  
Model-based approaches (also called deformable 
models) are very successful for image interpretation.  
Among the earliest and most well-known deformable 
models, the ACM is known as snakes (Kass, Witkin and 
Terzopoulos, 1988).  A snake is an energy minimizing 
parametric contour that deforms over a series of time 
steps.  Each element along the contour u depends on two 
parameters where the space parameter s∈[0, 1] is the 
normalized length around the snake and t is time 
(iteration): 
( , ) ( ( , ), ( , ))u s t x s t y s t            (1) 
The total energy Esnake 
of the model is computed by the 
sum of the energy for the individual snake elements: 
1
0
( ( , ))snake elementE E u s t ds            (2) 
The energy for each element is decomposed into three 
basic energy terms: 
( ) ( ) ( )element int ext imageE E u E u E u       (3) 
Each point on a contour moves adjacently in order to 
minimize Esnake
 
in each step of the process of repetition.  
The process stops when a local minimum is met.  The 
internal energy (Einternal) regulates the constraints 
arranged on the model tension and stiffness.  The 
external energy (Eexternal) is represented by external 
constraints imposed by high-level sources such as human 
operators or automatic initialization procedures.  The 
image’s energy, Eimage, drives the model towards the 
significant features, usually attributed by light and dark 
lines, edges or terminations.  For more details, the reader 
may refer to Nixon and Aguado (2002). 
Figure 2 depicts the result of segmentation using 
ACM on a pomegranate MR image.  To extract the 
fruit’s shape exactly, first, the image intensity is 
transformed into the logarithmic space as follows: 
qij = c.log(1 + rij)     (4) 
where, rij 
denotes the intensity of the pixel; c is a constant 
(and is equal to 0.25 in this paper).  The original and 
logarithmic images are illustrated in Figures 2a and 2b, 
respectively.  ACM is applied on Figure 2b.  Figures 2c 
to 2f demonstrate the result for ACM in different 
iterations, respectively. 
 
Figure 2  Energy minimization in ACM. a) Original image, b) 
Logarithmic image, c-f) The result for ACM in different iterations 
 
2.3  Stem and calyx removal using morphological 
filters 
Mathematical morphology represents fundamental 
theories or the so-called main image operators whose 
applications can be found by Parvati, Prakasa Rao and 
Mariya Das (2008).  In general, the structural element in 
a set describes the simple shapes that probe an input 
image.  The basic morphological filters are 
morphological opening and closing with structuring 
elements. 
In this paper, stem and calyx are removed using 
opening and closing, which will lead to an exact 
segmentation of the internal tissue of pomegranate.  The 
opening and closing are applied after the background is 
removed using ACM and the exact shape of pomegranate 
is extracted from MR image. 
2.4  Image segmentation using fuzzy clustering 
algorithms 
In this section, FCM and SFCM are selected from a 
set of numerous fuzzy clustering methods to be studied.  
2.4.1  FCM clustering algorithm 
The FCM, which is an improved version of k-means 
algorithm, was proposed by Bezdek (1981).  It assigns 
the input feature vectors to each category by using fuzzy 
memberships.  The algorithm is an iterative optimization 
task which minimizes the cost function defined as 
follows. 
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where, X=(x1, x2, …, xj, …, xn) denotes the input data with 
a size of p×n, where p represents the dimension of each xj 
(feature vector) and n indicates the number of feature 
vectors, to be partitioned into c cluster.  μij represents the 
membership of xj in the i
th cluster, vi is the i
th cluster 
center, m is a constant.  The parameter m controls the 
fuzziness of the resulting partition (m = 2 is used in this 
study).  d represents the distance between xj 
and the 
cluster center, vi, i.e.: 
2 2( ) || ||j i j id x v x v              (6) 
The objective function is minimized when data points, 
close to the center of their clusters, are assigned high 
membership values.  Low membership values are 
assigned to data points far from the centers.  The 
membership functions and the center of the clusters are 
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Starting with an initial guess for the center of each 
cluster, FCM converges to a solution for vi 
representing 
the local minimum or a saddle point of the cost function.  
Convergence can be detected by comparing the changes 
in the membership function or the clusters’ center at two 
successive iterations.  Each feature will be associated 
with a membership value for every class after FCM 
clustering.  The segmentation will be performed by 
getting the highest membership. 
2.4.2  Spatial FCM clustering algorithm 
One of the important characteristics of an image is 
that the neighboring pixels are highly correlated.  In 
other words, they possess similar feature values and the 
probability of belonging to the same cluster is high.  The 
spatial relationship is important in clustering but it is not 
taken into account for FCM.  To exploit the spatial 
information, a modified membership function is defined 

























  is called spatial function; ωj 
represents a square window centered on pixel xj 
in the 
spatial domain.  The 3×3 and 5×5 windows were used 
throughout this work.  The spatial function hij represents 
the probability of belonging the pixel xj to the i
th cluster.  
The spatial function of a pixel for a cluster is large if the 
majority of its neighborhood belongs to the same cluster 
and is small otherwise.  q and z are parameters to control 
the relative importance of both functions.  In a 
homogenous region, the spatial functions simply enhance 
the original membership and the clustering result remains 
untouched.  However, for a noisy pixel, this formula 
reduces the weighting of a noisy cluster by the labels of 
its neighboring pixels.  As a result, misclassified pixels 
from noisy regions can easily be corrected. 
Each of the iterations in clustering contains two steps.  
The first step is the same as that in standard FCM to 
calculate the membership function in the spectral domain.  
In the second step, the membership information of each 
pixel is mapped to the spatial domain and the spatial 
function is computed.  The iteration in FCM proceeds 
with the new membership incorporating with the spatial 
function.  The iteration is stopped when the maximum 
difference between two cluster centers at two successive 
iterations is less than a threshold.  After the convergence, 
defuzzification is applied to assign each pixel to a 
specific cluster for which the membership is maximal. 
SFCM can be described as follows: 
Step 1: Set the number of clusters c and the parameter 
m in (1).  Initialize the fuzzy cluster centered vector 
V=[v1, v2,…, vc], randomly, set ε = 0.02, calculate μij 
and 
vi 
by (7) and (8), respectively. 
Step 2: Update μij 
and vi 
by (9) and (8), respectively. 
Step 3: Repeat Step 2 until the following termination 
criterion is satisfied: 
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new oldv v                   (10) 
3  Cluster validation functions 
In order to obtain a quantitative comparison, two 
types of cluster validation functions, fuzzy partition and 
feature structure, are often used to evaluate the 
performance in different clustering methods.  The 
representative functions for the fuzzy partition are: 
partition coefficient Vpc 
(Bezdek, 1974) and partition 
entropy Vpe 
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The idea of these validation functions is that the 
partition with fuzziness means better performance.  As a 
result, the best clustering is achieved when the value Vpc  
is maximal or Vpe is minimal. 
The disadvantages of Vpc 
and Vpe are that they 
measure only the fuzzy partition and lack a direct 
connection to the featuring property.  Other validation 
functions based on the feature structures are available in 
literature (Fukuyama and Sugeno, 1989; Xie and Beni, 
1991).  For example, the validation function is defined 
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A good clustering result leads to samples compact 
within a cluster and separated among different ones.  
Minimizing Vxb 
is expected to result in a good clustering. 
The accuracy of an algorithm is computed as follows:  
correct segmented pixels
Accuracy
all of fruit pixels
   
  
(13) 
4  Experimental results 
Figure 3 demonstrates the results of the proposed 
algorithm.  The original images are shown in Figure 3a.  
Figure 3b depicts the manually segmented image.  
Figure 3c illustrates the segmented images using FCM 
and without removing stem and calyx.  Stem and calyx 
pixels are classified inversely in the same class with 
tissue’s pixels, since FCM (or SFCM) segments the 
image pixels through intensity and stem and calyx pixels’ 
intensities resemble the intensity of the tissue.  As a 
solution, the fruit’s shape is first extracted from the image 
using ACM as is shown in Figure 3d.  Then, stem and 
calyx of the fruit are removed using morphological filters 
as is shown in Figure 3e.  Figure 3f depicts the result of 
FCM.  Finally, Figures 3g and 3h show the results for 
SFCM with 3×3 and 5×5 windows, respectively.  As is 
seen in Figures 3f up to 3h, the accuracy of the algorithm 
is increased when the stem and the calyx are first 
removed. 
Table 1 shows a quantitative comparison of accuracy 
and validation functions employed to estimate the 
efficiency of FCM and also SFCM with 3×3 and 5×5 
windows.  As is shown in Table 1, the results for SFCM 
are better than those for FCM. 
 
Table 1  Comparison of the FCM and SFCM algorithms  
with different windows on the original pomegranate  
MR images 
Method  Accuracy Vpc Vpe Vxb (×10
-3)
FCM 98.32 0.9134 0.0760 0.0687 
SFCM 3×3 99.52 0.9904 0.0079 0.0627 
SFCM 5×5 99.48 0.9904 0.0079 0.0638 
 
   The proposed algorithms are also evaluated in a 
condition with noise interference on pomegranate MR 
images.  Figures 4, 5 and 6 depict the results of the 
algorithms on MR images corrupted with Gaussian noise 
(mean = 0 and variance = 0.05), salt and pepper noise 
with the noise intensity of d = 0.1 and speckle noise with 
variance = 0.1, respectively.  Visually, it is clear that the 
SFCM (with 3×3 and 5×5 windows) highly outperforms 
FCM. 
Table 2 demonstrates the accuracy and validation 
functions used in measuring the efficiency of FCM and 
SFCM algorithms on the images smeared with Gaussian, 
salt and pepper and speckle noises.   As is shown in  
Table 2, in most cases the validation functions and 
accuracy for SFCM in the presence of noise are better 
than those for FCM. 
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a) Original pomegranate MR images, b) Manually segmented images, c) The segmented images in presence of stem and calyx, d) 
Shape extraction by ACM algorithm, e) Stem and calyx removing with morphological filters, f) Result of the FCM algorithm, g) 
Result of the SFCM algorithm with 3×3 window, h) Result of the SFCM algorithm with 5×5 window. 
 
Figure 3  Results of the algorithms on pomegranate MR images 
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a) Images corrupted by Gaussian noise, b) Images segmented by FCM algorithm, c) Images segmented by  
SFCM algorithm with 3×3 window, d) Images segmented by SFCM algorithm with 5×5 window 
 
Figure 4  Results of the algorithms on MR images corrupted by Gaussian noise 
 
a) Images corrupted by salt and pepper noise, b) Images segmented by FCM algorithm, c) Images segmented by  
SFCM algorithm with 3×3 window, d) Images segmented by SFCM algorithm with 5×5 window 
 
Figure 5  Results of the algorithms on MR images corrupted by salt and pepper noise 
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a) Images corrupted by speckle noise, b) Images segmented by FCM algorithm, c) Images segmented by  
SFCM algorithm with 3×3 window, d) Images segmented by SFCM algorithm with 5×5 window 
 
Figure 6  Results of the algorithms on MR images corrupted by speckle noise 
 
Table 2  Comparison of the FCM and SFCM algorithms with different windows on the pomegranate MR images  
corrupted with noise 
Efficiency measuring  
method 
Gaussian Salt and pepper Speckle 
FCM SFCM 3×3 SFCM 5×5 FCM SFCM 3×3 SFCM 5×5 FCM SFCM 3×3 SFCM 5×5
Accuracy 85.93 95.94 94.9880 95.05 99.49 97.04 98.12 99.85 99.67 
Vpc
 
0.8537 0.9525 0.9478 0.8923 0.9737 0.9687 0.8594 0.9352 0.9280 
Vpe
 




13.6364 9.0006 10.1301 0.0995 0.0340 0.0848 10.8798 8.9096 9.6865 
 
5  Conclusions 
In this paper, an automatic algorithm was proposed 
for segmentation of internal structures of pomegranate 
into soft tissue and seeds.  Since the image pixels are 
segmented based on their intensity and also because the 
intensities of stem and calyx are close to the tissue’s, in 
most cases, the stem and calyx are misclassified as 
internal tissues by the segmentation algorithm.  As a 
solution, the fruit’s shape is first extracted from the image 
using ACM.  Then, the stem and calyx are removed by 
morphological filtering.  Finally, an improved version of 
FCM, SFCM was proposed for segmentation of the 
pomegranate MR images.  This algorithm was realized 
by incorporating the spatial neighborhood information 
into the FCM and modifying the membership function of 
each cluster.  The results of SFCM on the original 
pomegranate MR images and images smeared with 
Gaussian, salt and pepper, and speckle noise demonstrate 
that the proposed algorithm is better than FCM algorithm.  
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